Recent studies have revealed that immune repertoires contain a substantial fraction of public clones, 19
represents a lack of insight into the shaping of immune repertoire diversity. Leveraging a machine 23 learning approach capable of capturing the high-dimensional compositional information of each clonal 24 sequence (defined by the complementarity determining region 3, CDR3), we detected predictive public-25
and private-clone-specific immunogenomic differences concentrated in the CDR3's N1-D-N2 region, 26
which allowed the prediction of public and private status with 80% accuracy in both humans and mice. 27
Our results unexpectedly demonstrate that not only public but also private clones possess predictable 28 high-dimensional immunogenomic features. Our support vector machine model could be trained 29 effectively on large published datasets (3 million clonal sequences) and was sufficiently robust for public 30 clone prediction across studies prepared with different library preparation and high-throughput 31 sequencing protocols. In summary, we have uncovered the existence of high-dimensional 32 immunogenomic rules that shape immune repertoire diversity in a predictable fashion. Our approach may 33 pave the way towards the construction of a comprehensive atlas of public clones in immune repertoires, 34
which may have applications in rational vaccine design and immunotherapeutics.
Introduction

39
The clonal identity, specificity, and diversity of adaptive immune receptors is largely defined by the 40 sequence of complementarity determining region 3 (CDR3) of variable heavy (V H ) and variable beta (V β ) 41 chains of antibodies and TCRs, respectively [1] [2] [3] [4] [5] . The CDR3 encompasses the junction region of 42 recombined V-, D-, J-gene segments as well as non-templated nucleotide (n, p) addition [6] . Due to the 43 enormous theoretical diversity of antibody and TCR repertoires (>10 13 ) [7-10] and technological 44 limitations (Sanger sequencing), it was long believed that clonal repertoires were to an overwhelming 45 extent private to each individual [11, 12] . However, due to recent advances in high-throughput immune 46 repertoire sequencing, it has been observed that a considerable fraction (>1%) of CDR3s are shared 47 across individuals [1, 5, [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] . Thus these shared clones (hereafter referred to as "public clones") are 48 refining our view of adaptive immune repertoire diversity. Therefore, a fundamental question emerges: 49 are there immunogenomic differences that predetermine whether a clone becomes part of the public or 50 private immune repertoire? 51
In the context of antibody and TCR repertoires, the large theoretical clonal (CDR3) diversity renders the 52 investigation of public and private repertoires computationally challenging [27] . Previous studies using 53 conventional low-dimensional analysis suggested that public clones are germline-like clones with few 54 insertions, thereby having higher occurrence probabilities, whereas private clones contain more 55 stochastic elements (i.e. N1, N2 insertions) [17, 23] . In order to investigate the composition of large 56 numbers of sequences with the appropriate dimensionality, sequence kernels are increasingly used 57 [28, 29] . Sequence kernels are high-dimensional functions which measure the similarity of pairs of 58 6 D, and N2 subregions between private and public repertoires, as the number of private preBC and nBC 155 clones surpassed that of public clones by 1.6-4.5-fold ( Figure 3D , p<0.05, size adjusted, see also 156
Supplementary Figure 3A) , N1, D, N2 subregion overlap between public and private clones was >66% 157 ( Figure 3C ). In PC repertoires, diversity differences between public and private repertoires were minimal 158 but overlap of subregions reached maximally 46% and Spearman correlation was consistently negative. 159
In contrast to single subregions, combinations of subregions showed low overlap between public and 160 private repertoires irrespective of B-cell population (e.g., N1-D-N2 overlap in nBC was ≈6%, Figure 3C) , 161 which is explained by a large combinatorial diversity (Supplementary Figure 4B , Supplementary Table 2 ) 162 of CDR3 subregions. Thus, sequence composition differed substantially between public and private 163 clones. 164
High-dimensional CDR3 sequence composition analysis predicts public and private clones with 165 high accuracy 166
In order to test, whether the detected differences in sequence composition were predictive, we utilized 167 high-dimensional sequence kernels for SVM analysis [30] . We used the gappy-pair sequence kernel 168 [30, 36, 37] , which decomposes each CDR3 into subsequences of length k (k-mers) separated by a gap of 169 length m ( Figure 4A , see Methods). Applying this kernel function to all CDR3s of a given training dataset 170 generates a feature matrix of dimension n*f, which serves as input for the SVM analysis: here, n is the 171 number of CDR3s in the training dataset and f the number of features. By cross-validation, we selected 172 the parameter combinations that resulted in the highest prediction accuracy: k=3, m=1 at the nucleotide 173 level (potential feature diversity: 8192, Methods) and k=1, m=1 at the amino acid level (potential feature 174 diversity: 800, Methods). On both the nucleotide and the amino acid level, public and private clones in 175 preBC and nBC could be classified with ≈80% accuracy, with very low variation across mice ( Figure 4A , 176
Supplementary Figure 6A , E). In order to validate the robustness of the chosen public clone definition, we 177 showed that the SVM was incapable of separating public from public and private from private clones 178 across individuals (balanced accuracy < 50%, Supplementary Figure 6D ). In addition, we validated that 179 the high prediction accuracy was maintained for an alternative and more stringent definition for public 180 clones (balanced accuracy = 83-84%, Supplementary Figure 6F ). In order to quantify the statistical 181 significance of our high-dimensional SVM approach, we confirmed that the balanced accuracy was close 182 10 [25, 39] . Of note, although the relative size of the human CDR3 N1-D-N2 subregion is larger than that of 270 mice (≈65% [40] vs. 42% in mice, Figure 3A ) with the N1-D-N2 subregion being the main amplifier of 271 sequence diversity ( Supplementary Table 2 ) [8, 25] , identical feature space sizes led to identical prediction 272 accuracies for both species ( Figure 4B ). Thus, potential species-specific differences in sequence length 273 and diversity did not impact the prediction accuracy of our approach. More generally, it is remarkable that 274 feature spaces of dimension <10 4 do not only suffice for detecting sub-repertoire clonal expansion-driven 275 changes in individuals of different immunological status [29, 35] but also provide ample combinatorial 276 flexibility in defining fingerprints that discriminate whole-repertoire properties (public, private) within a 277 >10 13 -dimensional space ( Supplementary Table 2 , [8, 10] ). This may point towards evolutionarily 278 conserved traces in the immunogenome; for example, we found that murine public clones were enriched 279 in natural antibody specificities (Supplementary Figure 10B) . 280
Our results indicate that statistical significance does not necessarily translate into predictive performance: 281 although CDR3 subregion length differed significantly between public and private clones ( Figure 3A , 282
Supplementary Figures 3A-C, 4C, D) , the prediction accuracy of the low-dimensional SVM model based 283 on CDR3 subregion length ( Figure 3D ) remained inferior to the high-dimensional one based on the actual 284 sequence composition ( Figure 4A ). Furthermore, previous probabilistic work on modeling repertoire 285 diversity indicated a broad range in clonal sequence generation probabilities -with (T cell) public clones 286 suggested to be biased towards higher generation probabilities [24] . Corroborating these observations, 287
we found that B cell public clones are more likely to have higher clonal abundance (Supplementary Figure 288 10A) -in general, however, public clones were distributed throughout the entire frequency spectrum from 289 high to very low clonal frequency (Supplementary Figure 10A) [34] . Instead of attributing to each clonal 290 sequence a generation probability, our work complements previous probabilistic work by leveraging a 291 high-dimensional repertoire-level trained classifier for binary classification on a per sequence basis. It is 292 this sequence-composition-based machine learning approach that led to the unexpected finding that also 293 private clones -which were thought to be mostly stochastically generated -possess a high-dimensional 294 fingerprint (predictive immunogenomic features). 295
Our SVM-driven approach enables rapid and accurate separation of large repertoire datasets into public 296 and private repertoires. We note that mouse and human trained SVM-classifiers may not only be applied 297 to experimental but also to synthetic repertoire data [41] , which could pave the way towards the 298 11 construction of a comprehensive atlas of human and mouse public clones. The high computational 299 scalability of our machine learning approach -tested with as many as 3x10 6 public and private sequences 300 ( Figure 4C ) -allowed us to establish that the dataset size is a deciding factor for high prediction accuracy 301
[33]: (i) in simulations, prediction accuracy increased by ≈30 percentage points when increasing the 302 dataset size by 4 orders of magnitude from ≈10 1-2 to ≈10 5 clonal sequences (Supplementary Figure 7B) . 303 (ii) In experimental data, increasing training dataset size by 1-2 orders of magnitude (sequence data 304 generated in a different lab using different experimental library preparation methods) increased prediction 305 accuracy by up to 7 percentage points, suggesting large-scale cross-study detection of public clones is 306 possible. (iii) The high prediction accuracy of human (antigen-selected) public and private memory B-cell 307 clones ( Figure 4B ) suggested that the low accuracy of (antigen-selected) PC (IgG) repertoires ( Figure 4A ) 308 may be due to small dataset size ( Supplementary Table 1 ). More generally, we speculate that the 309 prediction accuracies reported here merely represent lower bounds; future studies, which combine (i) 310 advanced experimental and computational error correction methodologies (e.g., unique molecular 311 identifiers) [42] [43] [44] , (ii) high sampling and sequencing depth [1] and (iii) novel sequence-based deep 312 learning approaches [45] [46] [47] may lead to even higher prediction accuracies. 313
To conclude, the existence of high-dimensional immunogenomic rules shaping immune repertoire 314 diversity in a predictable fashion, leading to clones with higher occurrence probability within a population, 315 19 35. Greiff V, Bhat P, Cook SC, Menzel U, Kang W, Reddy ST. A bioinformatic framework for immune repertoire 540 diversity profiling enables detection of immunological status. Genome Med. 2015; 7: 49. doi:10.1186 Conserv Biol. 1993; 7: 480-488. doi:10.1046 /j.1523 -1739 .1993 .07030480.x 601 63. Loo MPJ van der. The stringdist package for approximate string matching. R J. 2014;6: 111-122. 602 64. Csardi G, Nepusz T. The igraph software package for complex network research. InterJournal. 2006; Complex 603 Systems: 1695. 604 65. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, in Python. J Mach Learn Res. 2011; 12: 2825 -2830 (A) We asked whether there are immunogenomic differences that predetermine a clonal sequence's (CDR3) public or private status within a an immune repertoire. The public repertoire is composed of clones being shared among at least two individuals (we also explored an alternative public clone definition, Figure 6F ). Private clones are those distinct to each individual. We defined antibody and T cell clones based on 100% CDR3 (complementarity determining region 3) identity. For statistical power, we used six large-scale datasets ( Supplementary Table 1 ) comprising different B-cell populations, species (humans, mice) and immune antigen receptors (B/T cell receptor) .
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To answer our question, we decomposed public and private immune repertoires in conventional low-dimensional features (e.g., CDR3 amino acid usage, Figures 2 and 3) or novel high-dimensional features (CDR3 sequence decomposition into subsequences of length k (k-mers) separated by a gap of length m, Figures 4 and 5) . Leveraging supervised machine learning (support vector machines), we tested whether low and high-dimensional features can detect immunogenomic differences between public and private repertoires (see Methods) and consequently can be used for prediction of public and private status at single clone resolution. (C) We found that low-dimensional features are poor predictors of public and private clone status. In contrast, we detected strong predictive immunogenomic differences, concentrated in the N1-D-N2 CDR3 subregion, between public and private clones using high-dimensional features. Thus, public as well as private clones each possess a class-specific high-dimensional immunofingerprint composed of class-specific subsequences that enables their classification with high accuracy. Our SVM approach was found to be generalizable across datasets produced in different laboratories with different library preparation and high-throughput sequencing (HTS) protocols. 
Decomposition of public and private clones
Features gappy-pair kernel (A) Balanced accuracy of public and private clone discrimination using sequence-kernel-basel SVM analysis. For each combination of CDR3 subregion, gappy pair kernel parameters (k, m, cost) were determined by cross-validation. Barplots show mean±s.e.m. (B) Exemplary visualization of prediction profiles of one test dataset (nBC) of CDR3s (rows) of length 39 (nt). Prediction profiles were computed as means of feature weights at each CDR3 position (1-39, see Methods). Positions colored red (<0) count towards "public" prediction of the respective CDR3s, whereas black-colored ones (>0) bias prediction towards the "private" clone status. Barplots indicate the percentage of private (black) or public predicting weights at each of the 39 positions. Color bars indicate median length of V (red), N1 (orange), D (grey), N2 (purple), J subregions (blue, Figure 3A ). Prediction profiles across all CDR3 lengths as well as quantitative prediction profile analysis are given in Supplementary  Figures 8 and 9 
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Public/private predicting weights (%) CDR3 sequences Figure 2D , the difference in public and private amino acid CDR3 frequencies is shown as a function of the mean of public and private CDR3 amino acid frequencies (by B-cell stage). The Pearson correlation coefficient and its pvalue is shown for each B-cell stage .
(B)
The amino acid composition of public and private clones is exemplarily shown at each position for CDR3s of amino acid length 13 (preBC repertoire 1 2 3 4 5 6 7 8 9 10 11 12 13 1 2 3 4 5 6 7 8 9 10 11 12 13 Position Amino acid occurrence (%) Supplementary Figure 2 Technological coverage of each subregion is achieved at 25-50% of sequencing reads (Dataset 1). To estimate the technological coverage of each CDR3 subregion (V, N1, D, N2, J), bootstrapping was performed. 5, 25, 50, 75 and 100% of the full diversity of each subregion was sampled to subsequently compare the bootstrapped diversity to the total number of unique sequences (coverage).
All
Public Private (A) Absolute and normalized CDR3 subregion lengths by B-cell population for public, private and all clones (irrespective of public/private status). Differences between public and private clones of preBC and nBC are significant (p<0.05). (B) Ratios of normalized CDR3 subregions lengths ( Figure 3B ). Largest deviations from 1:1 ratio between public and private clones observed in preBC for the N1 and N2 subregions (36 and 46 percentage points, respectively). (C) Absolute length of V, D, J deletions by B-cell population. Differences between public and private clones of preBC and nBC are significant (p<0.05). (D) Nucleotide insertions (N1/N2) were aggregated by germline (IGHV/D/J, panels). Subsequently, the overlap of N1/N2 insertions was compared across mice, averaged and displayed by B-cell population (original Barplots show mean±s.e.m. Figure 6E , the percentage of public-predicting SVM weights (<0) was determined by subregion (V, N1, D, N2, J), public/private status and B-cell population across all CDR3 lengths (not solely CDR3 length 39 as shown in Figure 5B ). Barplots show mean±s.e.m. Supplementary Figure 9 Supplementary Table 2 CDR3 subregion diversity was sampled with >70% coverage. 1st column: cumulative (across preBC and nBC, Dataset 1) species richness of each CDR3 subregion, 2nd column: extrapolation of theoretical diversity using nonlinear regression (see Methods), 3rd column: percentage ratio of 1 st and 2 nd column. The approximate naïve murine nucleotide CDR3 diversity can be determined by calculating the product of the entries in the 2nd column ≈ 198 x 10 7.4 x 10 4.7 x 10 6.9 x 58 ≈ 10 23 . Supplementary Table 2 
